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To determine if a set of time-varying biological indicators can be used to: 1) predict the sepsis mortality risk over time and 2) generate mortality risk profiles. Design: Prospective observational study. Setting: Nine Canadian ICUs. Subjects: Three-hundred fifty-six septic patients. Interventions: None. Measurements and Main Results: Clinical data and plasma levels of biomarkers were collected longitudinally. We used a complementary log-log model to account for the daily mortality risk of each patient until death in ICU/hospital, discharge, or 28 days after admission. The model, which is a versatile version of the Cox model for gaining longitudinal insights, created a composite indicator (the daily hazard of dying) from the "day 1" and "change" variables of six time-varying biological indicators (cell-free DNA, protein C, platelet count, creatinine, Glasgow Coma Scale score, and lactate) and a set of contextual variables (age, presence of chronic lung disease or previous brain injury, and duration of stay), achieving a high predictive power (conventional area under the curve, 0.90; 95% CI, 0.86-0.94). Including change variables avoided misleading inferences about the effects of day 1 variables, signifying the importance of the longitudinal approach. We then generated mortality risk profiles that highlight the relative contributions among the time-varying biological indicators to overall mortality risk. The tool was validated in 28 nonseptic patients from the same ICUs who became septic later and was subject to 10-fold cross-validation, achieving similarly high area under the curve. Conclusions: Using a novel version of the Cox model, we created a prognostic tool for septic patients that yields not only a predicted probability of dying but also a mortality risk profile that reveals how six time-varying biological indicators differentially and longitudinally account for the patient's overall daily mortality risk. Key Words: biomarkers; longitudinal analysis; mortality; mortality risk profiles; sepsis S epsis, defined as life-threatening organ dysfunction caused by a dysregulated host response to infection (1), is the leading cause of mortality and critical illness worldwide (2, 3) . Patients who survive sepsis often endure long-term cognitive and functional declines (4) . Sepsis is the most expensive syndrome treated in the United States, accounting for $20.3 billion (5.2%) of total hospital costs in 2011 (5) . Despite supportive strategies such as use of broad-spectrum antibiotics, fluid resuscitation, source control, and mechanical ventilation (6-9), the mortality rate from sepsis remains high (15-30%) (10) (11) (12) .
Current clinical scoring systems for septic patients such as Acute Physiology and Chronic Health Evaluation (APACHE) II, III, IV, the Multiple Organ Dysfunction Score (MODS), and the Sequential Organ Failure Assessment (SOFA) have been shown to have prognostic utility (13) (14) (15) (16) (17) (18) (19) (20) . However, limitations of these scores include lack of longitudinal analysis (e.g., APACHE scores are based on status within 24 hr of ICU admission) and lack of insights into how individual components of the scoring systems differentially account for a patient's overall mortality risk.
We previously showed that high plasma levels of cell-free DNA (cfDNA) and low levels of protein C predicted mortality in sepsis (15) . We also demonstrated that combining cfDNA and protein C with the MODS score enhanced the prognostic power of MODS (15) . Plasma cfDNA, released from activated neutrophils, aids in pathogen clearance but also exerts collateral damage by promoting blood coagulation and inhibiting fibrinolysis (21) . Protein C is a natural anticoagulant that prevents blood clotting in the microcirculation. Increased consumption of protein C is a hallmark of sepsis and may be associated with disseminated intravascular coagulation and multiple organ failure (22) (23) (24) .
The purpose of this study is to address the limitations of current sepsis prognosis scores by creating a mortality risk profile (MRP) for any patient that reveals the relative importance of a set of time-varying biological indicators (TVBIs) in accounting for the patient's mortality risk that may change markedly within a few days. Six TVBIs (cfDNA, protein C, platelet count, creatinine, Glasgow Coma Scale [GCS] score, and lactate) and a set of contextual variables (age, the preconditions of chronic lung disease and previous brain injury, and duration of stay) were used. To create the MRPs, we used a complementary loglog (CLOGLOG) model, which is a versatile version of the Cox model for achieving longitudinal insights, after removing the proportional hazards assumption and replacing the maximum partial likelihood method by the maximum likelihood method for estimation.
MATERIALS AND METHODS

Patients and Selection Criteria
Three-hundred ninety-two septic patients were recruited from ICUs in nine Canadian tertiary hospitals between November 2010 and January 2013. The study was approved by the Research Ethics Boards of all participating centers. Eligible patients must have a confirmed or suspected infection, greater than or equal to 1 dysfunctional organ system, greater than or equal to 3 signs of systemic inflammatory response syndrome, and were expected to remain in the ICU for greater than or equal to 72 hours. Blood samples and clinical data were obtained daily for the first week, followed by once a week for the duration of the patients' stay in the ICU. Details of the inclusion criteria and data collection are described in Supplemental Text 1 (Supplemental Digital Content 1, http://links.lww.com/CCX/A76).
Statistical Analyses
For each patient, we account for the "daily hazards of dying" from day 1 until the patient died in ICU/hospital, was discharged, or 28 days since ICU admission (time of censoring). Using the daily hazard of dying as the dependent variable, the formulation of the CLOGLOG model and the estimation method are presented in Supplemental Text 2 (Supplemental Digital Content 1, http:// links.lww.com/CCX/A76).
The choice of the six TVBIs (cfDNA, protein C, platelet count, creatinine, GCS score, and lactate) and contextual variables (age, the preconditions of chronic lung disease and previous brain injury, and duration of stay) was based on 1) our previous pilot study (15) , 2) our finding from the removal of the assumption of equal weights that three out of the six components of MODS and SOFA (platelet count, creatinine, and GCS) had a greater predictive power than did MODS as a whole, and 3) assessments of a large number of potentially useful routine clinical indicators and contextual variables.
For each TVBI, three analytical variables are defined as follows: 1) the "day 1 variable, " which assumes the day 1 value through all days; 2) the "current variable, " which assumes the changing daily values; and 3) the "change variable, " which represents the change from day 1 to any day in question. For any daily value of a current variable that is not directly observed, we substituted via imputation (Supplemental Text 2, Supplemental Digital Content 1, http:// links.lww.com/CCX/A76). In the CLOGLOG model, two of these three analytical variables are used: the day 1 variable for quantifying the "initial level effect, " and the change variable for quantify the "change effect. " In an effort to enhance the model's predictive power in a biologically meaningful way with respect to variations in TVBI values, we transformed some of these variables as outlined in Supplemental Text 3 (Supplemental Digital Content 1, http://links.lww.com/CCX/A76). For example, the day 1 variable of platelets is log-transformed because a given difference of, say, 50 × 10 9 /L between two patients could have a greater effect on their mortality risk difference if the sicker patient had a platelet count of 60 × 10 9 /L rather than 150 × 10 9 /L. Since "proportional" change works better than simple change for the change variable of platelets, it is represented by a "change factor. "
With respect to the contextual variables, two dummy variables were used to represent the presence or absence of the preconditions of chronic lung disease and previous brain injury separately. Age was used without being categorized. As justified in Supplemental Text 4 (Supplemental Digital Content 1, http:// links.lww.com/CCX/A76), the duration of stay and its natural log were used to quantify the temporal pattern of the hazard.
The CLOGLOG model was applied to 356 patients who did not have missing values after imputation. Together these patients contributed 6,724 observations (person-days) to the input data matrix. Relying on the assumption that explanatory variables make additive contributions to the log of hazard, we introduced a method for assessing relative predictive powers between day 1 and change variables and among the TVBIs as well as for constructing MRPs (Supplemental Text 7, Supplemental Digital Content 1, http://links.lww.com/CCX/A76).
RESULTS
The baseline characteristics of the patients are provided in Table 2 shows the estimation results of the CLOGLOG model. In the best estimation result (Panel 1), the day 1 and/or change variables of three TVBIs (cfDNA, lactate, and creatinine) have positive estimated coefficients, indicating that higher values of these variables are associated with greater hazards of dying. In contrast, the estimated coefficients for the corresponding variables of protein C, platelets, and GCS are negative, indicating the opposite association with the hazard of dying. The estimated coefficients of two preconditions and age were also positive, suggesting that the presence of these preconditions as well as advanced age are associated with higher hazards of dying. Except for the day 1 variable of creatinine, the coefficients of all variables representing the six TVBIs are significantly different from 0 at the significance level of 0.05. The exception resulted from an overlap in explanatory power with other day 1 variables (Supplemental Text 6, Supplemental Digital Content 1, http://links.lww.com/CCX/A76).
Findings From Fitting the CLOGLOG Model to the Data
The model's predictive power is measured by the conventional AUC_P28 (the area under the curve [AUC] from predicting a "single" mortality outcome for each patient in 28 d) and the alternative AUC_P1 (the AUC from predicting all "daily" mortality outcomes), with AUC_P1 being always less than AUC_P28 in face values (Supplemental Text 5, Supplemental Digital Content 1, http:// links.lww.com/CCX/A76). Although AUC_P1 is more natural for our CLOGLOG model, AUC_28 should be used for comparison with the studies that did not make predictions on daily basis. With AUC_P28 = 0.903 [95% CI, 0.864-0.941] and AUC_P1 = 0.865 [95% CI, 0.826-0.903] our model achieved a high predictive power.
In Panel 2 of Table 2 , some important longitudinal insights are revealed by removing all change variables from the model. First, AUC_P28 dropped from 0.903 (95% CI, 0.864-0.941) to 0.817 (95% CI, 0.767-0.867), implying that changes in the TVBIs within the short interval of 28 days were strongly associated with changes in mortality risks. Second, the magnitude of the coefficient of the day 1 variable of GCS decreased to almost 0 and its associated p value rose sharply from 0.0002 to 0.8369, leading to the misleading inference that GCS was not useful for predicting mortality. An explanation is that the day 1 and change variables of GCS have a strong negative correlation (r = -0.70), which resulted from the fact that a high proportion of patients with low GCS scores on day 1 selectively experienced large improvements so that their originally high mortality risks declined later. The removal of the change variable of GCS covered up this selective process and hence led to the misleading finding. Similarly, the removal of the change variable of lactate also resulted in the misleading conclusion that lactate did not have a predictive effect on mortality.
As shown in Figure 1A , the relative predictive powers between the day 1 and change variables differed markedly among the TVBIs (Supplemental Text 7, Supplemental Digital Content 1, http:// links.lww.com/CCX/A76). For example, 88% of the predictive power of lactate was attributable to its change variable, whereas 91% of the predictive power of cfDNA was attributable to its day 1 variable. To gain more insights into this contrast, we examined the temporal patterns of all six TVBIs (Fig. 1B-G) . For each TVBI, the septic patients were divided into four quartiles based on the values of its day 1 variable. To avoid the selection bias resulting from the death process that could misleadingly exaggerate improvements as the sickest patients in each group were successively removed, the daily records of all nonsurvivors were removed from the data before the daily averages were calculated. From the differences in predictive powers and temporal patterns, we infer that large and rapid improvements in lactate and GCS were associated with large and rapid improvements in ICU mortality. However, the levels of some TVBIs did not change much over time (e.g., cfDNA, protein C), suggesting that such TVBIs were less powerful for predicting changes in mortality risks. Further details on the temporal profiles of the TVBIs are described in Supplemental Text 8 (Supplemental Digital Content 1, http://links.lww.com/CCX/A76).
To demonstrate how a TVBI and the probability of dying of a patient could change markedly within a few days, Figure 2 shows the trajectories of ( Fig. 2A) GCS and (Fig. 2B ) the predicted probability of dying in 7 days (P7) for three patients: a survivor discharged on day 8, a survivor censored on day 28, and a nonsurvivor who died on day 5. The first two patients experienced large improvements in GCS and P7 within a few days and survived. In contrast, the third patient experienced worsening in GCS and P7 within a few days and died on day 5.
Application of the Assessment Tool to Individual Patients
In addition to generating a predicted probability of dying for each patient, our tool can generate a MRP that provides information Figure 3 shows three ways that the patient's MRP can be visualized. In terms of his difference in log of hazard from the benchmark, top of Figure 3 shows that the day 1 variables that contributed the most to his elevated overall mortality risk were GCS, protein C, and lactate. The risks attributable to both GCS and lactate decreased markedly and the risk attributable to protein C increased modestly from day 1 to day 28. Middle shows the combined effect of the day 1 and change variables for each TVBI, revealing that persistent deficiency of protein C contributed the most to the patient's overall mortality risk. After translating the information in Middle into the familiar measures of hazard ratios (HRs) by exponentiation, Bottom shows the HR-1 for each TVBI. Protein C had the highest HR of 2.09.
In Supplemental Text 9 (Supplemental Digital Content 1, http:// links.lww.com/CCX/A76), we also demonstrate with the data of another patient how the knowledge of the dynamic nature of the benchmark is useful in assisting the use of the MRP as a reference.
Validation
For validation, we used two approaches: 1) using our model to predict the mortality outcomes of a validation group and 2) conducting a 10-fold cross-validation with the data of our derivation group (Supplemental Text 10, Supplemental Digital Content 1, http://links.lww.com/CCX/A76). AUC_P1 is the AUC based on using the daily probability of dying as the classifier, whereas AUC_P28 is the AUC based on using the probability of dying in 28 d as the classifier. The p value for the coefficient of Log(creatinine_day_1) before its removal from the model is 0.8647. The normal levels in healthy individuals are as follows: 15 for GCS, 0.5 to 1.0 mmol/L for lactate, 2.2 ± 0.6 µg/mL for cfDNA, 61-133 U/mL for PC, 150 to 400 × 10 9 /L for platelets, and less than or equal to 100 µmol/L for creatinine.
In the first approach, the validation group consists of 28 nonseptic ICU patients who later became septic in the ICU. These patients were recruited from the same ICUs and during the sample time frame as the septic patients (baseline characteristics in Supplemental Table 11 , Supplemental Digital Content 1, http:// links.lww.com/CCX/A76). With day 1 being defined as the day of becoming septic in the ICU, our analysis revealed that AUC_ P28 = 0.886 (95% CI, 0.746-1.000) and AUC_P1 = 0.863 (95% CI, 0.748-0.979). Despite the rather wide CI as a consequence of the small sample size, the lower limit is much higher than 0.5.
In the second approach, the 10-fold cross-validation revealed that the means of the AUC_P1 were 0.865 (sd = 0.008) for the 10 training sets and 0.854 (sd = 0.073) for the 10 test sets, compared with AUC_P1 = 0.865 (95% CI, 0.826-0.903) for the derivation group of our model.
DISCUSSION
Our analysis leading to the creation of MRPs for individual patients revealed some important insights. First, there were marked changes in the TVBIs and the related mortality risks. This finding explains why tools that do not use the values of TVBIs beyond the first 24 hours tend to have low predictive powers. Second, predictive powers of the MODS and SOFA scores could be improved by replacing the assumption of equal weights for all components by the maximum likelihood method that determines the weights based on the observed data. It is not surprising that our set of six TVBIs was stronger in predictive power (AUC_P28 = 0.90) than not only APACHE II (AUC_P28 = 0.77) but also MODS (AUC_P28 = 0.80) and SOFA (AUC_P28 = 0.86), both of which were also constructed from six TVBIs (Supplemental Text 11, Supplemental Digital Content 1, http://links.lww.com/CCX/A76).
We extensively explored whether adding more TVBIs (e.g., bilirubin, Pao 2 /Fio 2 ratio) or more contextual variables (e.g., site/ type of infection) could improve our model (Supplemental Texts 12 and 13, Supplemental Digital Content 1, http://links.lww.com/ CCX/A76). Together with the good performance validated by two approaches, this exploration confirmed that with our input data, we have created a robust and concise model. Relative to the benchmark, the patient had a higher risk of death that is mainly attributable to unfavorable values of Glasgow Coma Scale (GCS) (contributing 0.77 to the difference), protein C (0.65), lactate (0.52), cell-free DNA (cfDNA) (0.34), and platelets (0.28) on day 1. However, the improvements in GCS, lactate, and cfDNA between day 1 and day 28 helped to reduce the difference in log of hazard markedly by -0.41 for GCS, -0.38 for lactate, and -0.36 for cfDNA, although these were offset by some worsening attributable to changes in creatinine (0.27), platelets (0.14), and protein C (0.08) relative to the benchmark. The middle shows the combined effect of the day 1 and change variables for each TVBI (i.e., the middle is the sum of the "day 1 variable" bar and the "change variable" bar in the top). Since GCS and lactate improved markedly, their combined effects (0.37 and 0.14) became much less than that of protein C (0.73). After translating the information in the middle into the familiar measures of hazard ratios (HRs) by exponentiation, the bottom shows HR-1 for each TVBI, because HR = 1 (no effect) should be represented by a bar of zero length. The three highest HRs between the patient and the benchmark were 2.09 for protein C, 1.51 for platelets, and 1.44 for GCS. The pattern suggests that abnormalities in protein C, platelets, and GCS are the major contributors to this patient's risk of dying.
As shown in Supplemental Text 14 (Supplemental Digital Content 1, http://links.lww.com/CCX/A76), our CLOGLOG model is indeed a versatile version of the Cox model that is better than its two conventional versions for achieving longitudinal insights. For users of logit and probit models, Supplemental Text 15 (Supplemental Digital Content 1, http://links.lww.com/CCX/ A76) provides a concrete guide to applying our novel approach to formulating a "longitudinal logit model" or a "longitudinal probit model" for achieving similar longitudinal insights and creating MRPs.
Our findings have the following limitations: 1) the stepwise nature of our variable selection tends to inflate the predictive power; 2) the small sample size of the validation group constrains generalizability; 3) the nonrandom pattern of missing values may distort estimation results; and 4) the exclusion of patients who were expected to die within 72 hours of ICU admission resulted in some loss of valuable information and required the use of a flexible time function to prevent the resulting selection bias from distorting the estimated coefficients. Applying our novel longitudinal modeling to a larger sample, researchers are likely to find a stronger predictive model that includes more preconditions (e.g., congestive heart failure) and more TVBIs (e.g., bilirubin and Pao 2 / Fio 2 ratio).
CONCLUSIONS
Using a novel version of the Cox model, we created a prognostic tool for septic patients that yields not only a predicted probability of dying but also an MRP that reveals how six TVBIs differentially and longitudinally account for the patient's overall daily mortality risk. This tool is based on a CLOGLOG model that takes advantage of the changing values of cfDNA, protein C, platelet count, creatinine, GCS, and lactate to achieve a high predictive power.
